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In order for mathematical models of metabolism to accurately emulate experimental
data the conditions in which parameter values are obtained must be close to the
actual in vivo environment. However, this is traditionally not the case, with enzyme
kinetic studies usually taking place in conditions which are ideal for the enzyme be-
ing studied and can be far removed from the actual native conditions the enzyme
would be found in. An aspect of the intracellular environment which has not been
extensiely covered is the large quantity of different macromolecules which occupy it,
known as macromolecular crowding. The space occupied by these macromolecules
has thermodynamic and kinetic consequences which are not taken into considera-
tion. In this study we mimicked a crowded environment by using the inert polymers
PEG 8000 and Ficoll 70 and studied how they affected enzyme kinetic parameter
estimates at different concentrations. NMR spectroscopy was used to obtain time-
course data for the upper glycolytic enzymes, phosphoglucose isomerase (PGI) and
phosphofructokinase (PFK), in cell lysate. Parameter estimates were obtained by
fitting NMR time-course data to a kinetic model based on rate equations for the two
enzymes. The identifiability of each parameter was also determined and could be
used to analyse the accuracy of parameter estimation. The aim of this study was to
determine the effects of macromolecular crowding on enzyme kinetics and to explore
if these effects should be considered when trying to simulate in vivo-like conditions
when studying enzyme kinetics. In our results macromolecular crowding was shown
to affect the parameter estimates for both enzymes, in particular decreasing their
maximal activity, increasing the binding affinity of PFK for fructose-6-phosphate





Systems biology aims to understand the emergent properties of a system that are
not apparent from observing its constituent parts in isolation [1]. This is applied
to studying metabolic pathways where mathematical models are built using enzyme
kinetic data. Gathering enzyme kinetic data in solutions that do not emulate the
in vivo conditions in which these reactions would normally take place may lead to
discrepancies between mathematical models and experimental data [2]. Addition-
ally, the lack of a standard assay medium in which to study enzyme kinetics makes
the use of kinetic data obtained from other laboratories difficult [2]. Efforts have
been made to create standardized buffers to study enzyme kinetics [3; 4]; however,
though they do attempt to emulate the large quantity of macromolecules that are in
the intracellular environment, these studies only looked at the effects on the Vmax
of the reactions. Traditionally, enzyme kinetic studies take place in solutions where
crowding is negligible, containing as little as 1-10 g/L macromolecules, ignoring the
thermodynamic and kinetic consequences of the “crowded” intracellular environment
in which these reactions actually take place. The intracellular environment is not
bulk water occupied with a small amount of diluted solutes; in fact, it is an intensely
crowded environment filled with many macromolecules (proteins, polysaccharides,
DNA, etc.) where the concentration of macromolecules is between 50 and 400 g/L
[5]. The intracellular milieu is a complex environment filled with an abundance of
macromolecules. A solution with a large fraction occupied by macromolecules is
described as being crowded rather than concentrated as no single molecule may be
at a high concentration [6]. These macromolecules take up space in this crowded
environment and indeed add to the crowded nature as the already occupied volume
the macromolecule resides in is not able to be occupied by another molecule. This
can have drastic thermodynamic and kinetic consequences and serves as the basis
of excluded volume theory [5–7]. That the “crowded” environment can change how
proteins behave has been known for some time [8] though it remains somewhat over-
looked when studying enzyme kinetics.
The preferred method for determining kinetic parameters has traditionally been
to use initial rate analysis [9], for example determining maximal rate and half-
saturation constants using Lineweaver-Burke plots [10]. Progress curves acquire
data of substrate and product concentrations while they are changing and yields
1
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more information per run therefore reducing the work-load [11]. Ultimately the type
of analysis will determine which method is used [10]. A methodology using 31NMR
progress curves to study enzyme kinetics of glycolytic enzymes in Escherichia coli
has been established [12] and was adapted for this study. A problem which arises in
experimental design when fitting to experimental data is that of parameter identifia-
bility [13]. The rise in complexity of the models being studied means that determin-
ing the identifiability of parameters has become more important as an identifiability
analysis can infer how well a parameter is determined based on the experimental
data [13]. Parameters are said to be identifiable, but a parameter may also be struc-
turally non-identifiable, which is a property of the model itself and usually arises
due to redundant parameters [13], or practically non-identifiable, which arises due
to insufficient quality data [13].
This study investigated the effects of macromolecular crowding on the enzyme ki-
netics of two glycolytic enzymes, phosphoglucose isomerase (PGI) and phosphofruc-
tokinase (PFK). This forms part of a larger investigation of all glycolytic enzymes
under crowded conditions in order to determine if macromolecular crowding should
be incorporated into a standard kinetic assay solution. The identifiabilty of the fitted
parameters was also studied.
Progress curve data was generated using 31P NMR spectroscopy to study the
reactions of PGI and PFK. Data collected using this technique are information-rich
as they are able to quantify various substrates, products, and allosteric modifiers
of these reactions simultaneously. PGI has reversible uni-uni enzyme kinetics while
PFK has irreversible bi-bi kinetics. PGI catalyzes the reversible interconversion of
glucose-6-phosphate (G6P) to fructose-6-phosphate (F6P)
G6P  F6P (1.1)
while PFK catalyzes the phosphorylation of F6P to fructose-1,6-bisphosphate (FBP).
F6P + ATP→ FBP + ADP (1.2)
PGI parameter values were determined in isolation by excluding co-factors of adja-
cent enzymes, while PFK could not be studied in isolation as the reverse reaction of
PGI was favoured and converted F6P back into G6P before PFK was able to proceed.
The PFK catalyzed reaction was therefore studied as part of a combined PGI-PFK
module. After time-course data was collected, parameter values were estimated
by fitting the NMR time-course data to simulated model data generated from the
relevant rate equations. The commonly used crowding agents, polyethylene-glycol
(PEG) 8000 and Ficoll 70, were used to increase the amount of macromolecules in
solution in which the PGI and PFK reactions took place. Changes in reaction param-
eters due to increasing macromolecular crowding were determined by studying the
reactions at various concentrations of crowding agents. The effects of different types
of crowding agents on kinetic parameters were also determined. Profile-likelihood
plots were generated for each parameter to test identifiablity. For parameters which
were identifiable, confidence intervals could be generated indicating the accuracy of
the fitted parameter value. The objectives of this study can therefore be summarized
as follows:
Stellenbosch University https://scholar.sun.ac.za
CHAPTER 1. INTRODUCTION 3
• Establish reference parameter estimates for PGI and PFK in Saccharomyces
cerevisiae.
• Investigate changes in parameter estimates under crowded conditions.
• Conduct a comparative identifiability analysis of all parameter estimates from
progress curve data.
This thesis begins with an introduction to macromolecular crowding theory and a
brief discussion on parameter fitting and identifiability analysis in Chapter 2. Chap-
ter 3 describes the experimental procedures used in this study including experimental
protocols and data analysis. Chapter 4 summarizes the results from the analysis of
experimental data. The discussion of the results in the context of current literature




This chapter provides an overview of the literature on the topic of macromolecular
crowding, with particular emphasis on its effect on enzyme kinetics as pertaining to
the present study. We have also included a short review on parameter estimation and
identifiability analysis as this formed the basis for determining kinetic parameters in
this study under various macromolecular crowding conditions.
2.1 Macromolecular crowding
Systems biology aims to create accurate, predictive models of reactions which take
place inside the cell [14]. For these models to be truly accurate they must reflect
the actual conditions in which they would be found. Additionally the lack of a stan-
dardized experimental procedures makes it difficult to incorporate experimental data
from other laboratories into models.
The term macromolecular crowding has been in use since 1981 [6] to describe
the influence on biological processes in a highly-occupied volume consisting of func-
tionally unrelated macromolecules [15]. Current understanding of macromolecular
crowding is that it consists of various different factors including: excluded volume,
non-specific interactions, and solvent properties [16].
The extent to which the inside of a cell is crowded is not uniform throughout
the cell, creating microenvironments where the proteins are affected differently by
macromolecular crowding. This adds to the complexity of the crowded environment
inside the cell. This complex environment consists of many different biomolecules of
varying shapes and sizes has traditionally made it difficult to measure the effects of
macromolecular crowding on protein stability inside the cell [17]. The large number
of variables that need to be taken into account when performing experiments inside
the cells makes it difficult to determine their outcomes [18]. Therefore, in order to
simulate the crowded environment in the laboratory, inert polymers such as Ficoll,
dextran, or polyethylene glycol (PEG) have been used in solution. Different types of
crowding agents have been shown to affect enzyme kinetics differently [19] but that
the size of crowding agents does not [20]. Rather it is the volume occupied which
has the greater effect on enzyme kinetics [20]. In this study we used two crowding
4
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agents of different sizes and shapes (Ficoll 70 and PEG 8000).
2.1.1 Excluded Volume
The underlying principle of the exclude volume effect is that two molecules in so-
lution cannot occupy the same space and, due to steric repulsion, excludes other
molecules from the area around themselves [6]. Traditionally this effect is visualized
and modeled using hard spheres [21]. Using this hard sphere model it can be seen
that, due to steric repulsion, the closest two molecules can get to each other is the
sum of their radii - the excluded volume [22]. Excluded volume is inaccessible to
each molecule and by increasing the number of macromolecules present in solution
the amount of volume excluded increases [22].
There are important energetic consequences which need to be taken into account
when considering the effects of volume exclusion [23; 24]. Macromolecules in crowded
solution will be less randomly distributed due to the increase in excluded volume,
resulting in a loss of entropy compared to an ideal solution [22]. A consequence of
this entropy decrease is the increase of free energy of solutes [22]. Excluded volume
has been shown to have a greater effect on larger molecules [25]. If the molecule
which is introduced to the solution is of similar size to the crowding agents then the
available volume is much smaller than would be expected if the molecule was small
as they would easily be able to diffuse between the larger crowding molecules [26].
A
B
Figure 2.1: A 2-dimensional representation of excluded volume in the crowded solution.
The crowding agents (red) and protein of interest (blue) are shown as hard spheres and are
the same size. The area excluded by crowding molecule B on A is represented by a grey
circle with a radius equal to the sum of the radii for molecules A and B.
2.1.2 Protein folding and association
Proteins favour a native folded state inside a crowded environment due to the ex-
cluded volume effect [6]. Increasing the amount of crowding agents in solution reduces
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the configurational entropy of the unfolded state of the protein and shifts the equi-
librium to favour the native folded state [6]. The excluded volume effect also favours
protein-protein association including dimerization. When two monomers come to-
gether to form a dimer, excluded volume is reduced, which is energetically favoured
[6]. When macromolecules associate the total area accessible to the crowding agents
is increased; which leads to the total free energy of the system decreasing due to
an increase in entropy [23; 27]. This promotes processes which reduce the volume
occupied by favouring the compact state of proteins and association between them.
The heterogeneity of macromolecules found inside the cell with large variance of size
and shape may enhance protein stabilization when compared to that of a crowded
environment which is homogeneous [28].
A B
BA
Figure 2.2: The association of two macromolecules (A and B, both in red) will result in less
excluded volume. The associated molecule AB will be favoured in a highly crowded environ-
ment as the total excluded volume will be less than if the two molecules are disassociated.
Excluded volume of each molecules is given by the grey circles.
2.1.3 Non-specific chemical interactions
Most of the research on macromolecular crowding focuses on the effects of steric re-
pulsion from the excluded volume effect due to its generality, ubiquity and its ease to
study [29; 30]. However, phenomena such as the destabilization of proteins in highly
crowded environments cannot solely be caused by volume exclusion and have been
attributed to weak interactions between different proteins [31]. Recently there have
been attempts to incorporate these non-specific chemical interactions into the theory
of macromolecular crowding [16; 31–36]. The energetic contributions of these inter-
actions in the system are dependent on the type of biomolecule, crowder, and solvent
and their contribution to the enthalpy in the system can either enhance or negate
the stabilizing effect of steric repulsion depending on the type of interaction observed
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[32]. These interactions are weak, but become significant at higher concentrations,
therefore, the amount of solvent accessible surface area on a protein determines how
great the interaction is, with proteins with a larger surface area accessible to solvent
having stronger interactions [30].
Repelling interactions such as electrostatic repulsion enhance the stabilization
due to volume exclusion as reactions which involve folding or association generally
lead to products with a decreased surface area available to solvent and a reduction
in the repulsion between crowding agents and reagents [32]. Attractive electrostatic
and hydrophobic interactions can counter the stabilization from steric repulsion and
can destabilize proteins [37].
2.1.4 Diffusion
In addition to the excluded volume effect that is present in a highly crowded envi-
ronment, other effects arise due to a crowded solution. One of these is the result of
increased viscosity, which affects diffusion rates of molecules in the solution [25]. In
crowded solutions the large amount of macromolecules negatively affects how freely
the protein of interest is able to diffuse by acting as obstacles in its path, reducing
its mobility [38; 39]. As a consequence diffusion in the cytoplasm is between 3 and 5
times slower than in water [39; 40]. Though all biochemical reactions rely on diffu-
sion as a means of transport to facilitate encounters between enzyme and substrate
to some extent [40], changes in the diffusion of molecules will have the largest effect
on the kinetics of biochemical reactions which have these encounters as their rate-
limiting step and it seems that macromolecular crowding mostly affects the diffusion
of large macromolecules [16; 41], though slower diffusion of smaller molecules has also
been observed [38]. The size and the amount of crowding agents in solution seem to
have some effect on the diffusion characteristics of the tracer molecule [39; 42; 43].
2.1.5 Physiological relevance
The intracellular environment is highly crowded and it is in this crowded environment
where enzymes evolved. It has been suggested that the non-covalent molecular forces
from macromolecular crowding may have played an important role in the evolution
of molecules and the emergence of life through the promotion of self organization
and molecular recognition [44]. Additionally, macromolecular crowding may have
important, physiological purposes and may be an important factor when considering
protein function inside the cell [25]. Macromolecular crowding has also been sug-
gested to have an important role in the formation of large intracellular structures
such as the cytoskeleton and chromosomes whose formation may be dependent on
forces associated with macromolecular crowding [45].
It has been suggested that macromolecular crowding may play an important role
in maintaining homeostasis and offsetting the influence of changes in intracellular
volume caused by stress from the environment [25]. One study postulated that
macromolecular crowding may serve a role in activating membrane transporters in
dog red cells [46]. They claimed this to be due to changes in cellular volume leading
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to changes in protein concentrations which can cause protein function to be altered.
More recently it has been proposed that macromolecular crowding acts as a mecha-
nism in which yeast cells regulate their biophysical properties in response to glucose
starvation in order to maintain homeostasis [47]. They observed that mobility of
macromolecules was restricted when yeast cells were exposed to glucose starvation
and proposed that this was most probably due a decrease in the intracellular volume
and therefore an increase in macromolecular crowding. They reported a 15% reduc-
tion in cell volume under glucose starved conditions with no difference in the actual
cell mass leading to an increase in macromolecular crowding and therefore changes
in the mechanical properties of the cells via regulation of intracellular diffusion and
interactions inside the cell [47].
The crowding conditions inside the cell have also been shown to change with os-
motic stress [48; 49]. These changes in the crowding environment in the cell may be
a means for mammalian cells to protect themselves from osmotic stress by favouring
the assembly of mRNA stress granules, increasing their chances for survival [50].
Macromolecular crowding may also be a means for the cell to control intracellular
reactions in different regions inside the cell [34]. The stability and folding of the yeast
phosphoglycerate kinase (PGK) has been demonstrated to be cell-cycle dependant
[51] and has also been shown to change in different localized regions inside the cell.
These regions have different levels of crowding and the difference in the localized
crowding conditions change the stability and folding of a protein [52]. Interestingly
it has been suggested that yeast cells are able to store and inactivate metabolically
important enzymes such as glutamine synthase in filaments during cellular starvation
in a process which is highly dependant on macromolecular crowding [53].
Macromolecular crowding as a component in maintaining proper cellular func-
tion has been established, leading some to hypothesise that microorganisms maintain
“crowding homeostasis” via osmolyte transport control or nutrient-dependent regu-
lation of cell size. [24].
2.1.6 Effect on enzyme kinetics
Numerous studies have been attempted to establish how enzyme kinetics change in
highly crowded environments. These studies often focused on enzymatic reactions
which follow traditional Michaelis-Menten reaction kinetics; how the crowded envi-
ronment effects these reactions is summarized in Table 2.1. Generally the maximum
velocity, Vmax, of the reactions tends to decrease when the environment these re-
actions take place in becomes more crowded [54–56] and the affinity of an enzyme
to bind to substrate, the Michaelis constant Km, may either increase [57], decrease
[54–56; 58], or remain constant [55].
Whether a certain reaction is diffusion controlled or activation controlled seems
to determine how the reaction will be affected by macromolecular crowding [18].
In reactions which are diffusion controlled the limiting factor in the reaction is the
enzyme-substrate encounter. The increased volume occupied by crowding agents
leads to a change in the diffusion properties and decreases the frequency of encoun-
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ters between the enzyme and substrate [18; 57] and should theoretically lead to an
increase in the Km. Another factor which may be responsible for an increase in Km
is modification of the chemical activity of substrate due to the non-ideal conditions
as the Km is sensitive to changes in sample composition [55].
In reactions which are activation controlled the change in diffusion properties will
not affect the reaction rate as the the limiting factor is the conversion of substrate
to product. Instead, at higher concentrations of crowding the effective concentra-
tions of the substrate and the protein increase which is expected to cause the Km
of the reaction to decrease as the affinity for the substrate to the enzyme increases.
Conformational changes of the enzyme has also been suggested to cause a decrease
in Km [54; 57]. In isochorismate synthase (EntC) the Km decreased and the enzyme
was observed to undergo conformational changes due to the excluded volume effect
in increasing concentrations of the crowding agent Ficoll 70 [54].
The crowded environment affects the maximum velocity (Vmax) in different ways.
As has been discussed previously, volume exclusion changes the equilibrium of self-
association of the enzymes and may induce conformational changes which may lead
to changes in the active site and therefore change the Vmax [18; 20; 59]. Whether
these conformational changes lead to an overall increase or decrease in the Vmax of
a protein is difficult to predict as the conformational change can either favour or
hinder the interactions between enzyme and substrate [20].
An increase in Vmax can be the result of an increase in the effective concentration
of the enzyme [18]. This makes sense when one considers that the Vmax is defined
by the product of the catalytic rate constant (kcat) and the enzyme concentration.
The substrates and products of enzymatic reactions make an insignificant contri-
bution to excluded volume in the system as they are usually very small [55]. These
small molecules are generally unaffected by the increase in viscosity of these envi-
ronments [54].
In general Vmax and Km both decrease when an enzyme reaction takes place in a
crowded environment. Though these relationships generally hold true, other factors
such as the type and size of the crowding agent used in the study, can lead to dif-
fering results, adding further complexity to studying enzymes in crowded conditions
[20; 55; 60]. The size of the crowding agent used in the study appears to have an
effect on the stabilization of the enzymes, with smaller crowding agents being shown
to have a greater stabilization effect on lysozyme and α-lactalbumin [28]; however
structure and function of a protein appears to be determined by the amount of vol-
ume being excluded [20; 60]. The reaction rates of small enzymes are only influenced
by the actual amount of excluded volume, whereas bigger enzymes are affected by
the size of the crowding agents as well [20; 55; 56].
Though there has been much work to grow our understanding of how macro-
molecular crowding affects enzyme kinetics, how these kinetics are affected appears
to change dramatically from enzyme-to-enzyme.
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Table 2.1: Summary of published data for kinetic parameters of various enzymes in
“crowded” conditions, including the organism from which the enzyme is sourced and the
crowding agent used in the study. ↑ and ↓ indicate an increase or a decreased respectively of
the enzyme parameters in “crowded” solution. – indicates that no change in the parameter
was observed.
Enzyme Organism Crowding Agent Km kcat Reference
L-lactate dehydrogenase Rabbit muscle Dextran ↓ ↓ [55]
α-chymotrypsin Bovine pancreas type II Dextran ↑ ↓ [20]
Peroxidase Horseradish Dextran ↓ ↓ [20]
L-lactate dehydrogenase Rabbit muscle Dextran ↓ ↓ [20]
Malate dehydrogenase Mitochondria Dextran ↓ ↓ [56]
Lysozyme ↓ ↓ [56]
Malate dehydrogenase Thermus flavus Dextran ↑ ↓ [56]
Lysozyme – ↓ [56]
Isochorismate synthase Escherichia coli Ficoll ↓ ↓ [54]
Fet3p Saccharomyces cerevisiae Ficoll ↓↑ ↓↑ [57]
ADP-sugar pyrophosphatase Escherichia coli PEG ↑ ↑ [58]
2.2 Brief overview of systems biology
The shift towards a systems biology approach in studying biological phenomena has
been deemed necessary as traditional reductionist techniques, which dominated in
the previous century, lack the means to study biological characteristics which cannot
be attributed to a single molecule [61]. The emphasis in systems biology is there-
fore placed on viewing the constituents of a system in the context of the system
itself rather than in isolation and it therefore makes it possible to observe emergent
properties which may lead to a better understanding of the function of the system
[14]. Even with a complete knowledge of the genome of an organism and the crystal
structures of all its proteins, without an understanding of how they interact with
each other very little information regarding function can be determined [62]. In
order to achieve this, systems biology uses a combination of mechanistic informa-
tion derived from traditional molecular biology techniques and analysis techniques
from mathematics [63]. The result of the integration of biological data is the forma-
tion of powerful mathematical models which can help to elucidate biological function.
There are two different approaches to tackle the challenge of developing and
curating models to gain intimate knowledge of bioglogical phenomena: the top-
down approach where large “omics” datasets are used to infer and understand their
underlying relationships [64]; and the bottom-up approach where the constituent
parts of a system are observed experimentally and are then incorporated into a
model of a larger system [62].
Top-down systems biology approaches incorporate large genome-wide experimen-
tal data in order to discover molecular mechanisms. Since they are genome-wide,
top-down models are potentially complete [62]. Top-down techniques involve the
collection and analysis of a data set of an organism with set perturbations to deter-
mine correlations between concentrations of molecules, which are used to formulate
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an hypothesis regarding the regulation of these molecules. The hypothesis is then
tested by another set of experiments involving a different set of perturbations [62].
The bottom-up approach aims to make accurate models via the formulation of
mathematical relationships between the constituent parts of the model. The bottom-
up approach was used in this study and incorporates parameters found experimen-
tally or in literature into rate equations. The rate equations can then be used to
formulate a kinetic model of the system under investigation [62]. Though more
labour intensive, because the models are constructed using the direct data of their
constituent components, the model should be more accurate and have increased pre-
dictive power [12] than models constructed using the top-down approach.
2.2.1 Construction of models
A kinetic model is described by its constituent reactions. Each of these reactions is
in turn described using a rate equation. The construction of a kinetic model requires
five types of data and has been reviewed in [65]. In summary the data that is required
consists of:
• stoichiometric data - data which describes the number of compounds involved
in the model and the nature of their interactions;
• enzyme kinetic data - consists of the the rate laws for each enzyme and the pa-
rameters which describe them. These include the Michaelis-Menten constant,
inhibition and activation constants among others [65]. If parameters cannot
be determined experimentally there exist databases such as BRENDA [66] and
SABIO-RK [67] which can be used to find the relevant kinetic data. Param-
eters obtained under conditions similar to those found in vivo are preferred,
however this has not been historically the case [3]. See also Section 2.2.3;
• thermodynamic data - should be incorporated when possible as it gives infor-
mation regarding the reversibility of each reaction. This will affect the direction
of the reactions in the model;
• maximal enzyme activity - the data concerning the maximal enzyme velocity
should be acquired under the specific biological conditions for which the model
is being described. As this is directly dependent on concentration of enzyme
it is not readily transferable between laboratories and conditions;
• other model parameters required to construct the model. These usually take
the form of fixed parameters, sink metabolites, and the sum of moiety conserved
species such as the nicotinamide adenine dinucleotide redox couples or ATP
and ADP.
In order to use a mathematical framework to determine the interactions between
components of a system, enzymatic rate equations for each enzyme in the biological
network are incorporated into the model as a series of ordinary differential equations
(ODEs) [68; 69]. Each ODE in the system is calculated as a rate of change of a
metabolite in the network and is determined by taking the sum of rates of reactions
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that produce that metabolite minus the sum of rate of reactions that consume the
metabolite. Once the model of the system has been developed it must then be
validated by using independent data to compare with model output data. This final
step is used to test how well the model is able to emulate experimental data, thus
ensuring that the model is truly predictive. Since the model is based on inherent
enzyme characteristics it can theoretically make predictions in a variety conditions
and we may observe emergent properties which would otherwise be difficult to predict
[68].
2.2.2 Determining enzyme-kinetic parameters
The parameters for each enzyme in the kinetic network need to be determined in
order for the kinetic model to be biologically relevant. The parameters are often de-
termined by using regression analysis to minimize the difference between experimen-
tal and model data [68]. This is usually done using either the maximum likelihood
(ML) method; or the least squares (LS) method. In the ML method a parameter
value is determined when the value maximizes the probability that the model output
data is the the same as the experimental data [68]. This probability is determined as
a function of the difference between model predicted data and actual experimental
data. The LS method iteratively minimizes the objective function, attempting to
find a parameter value which reduces the sum of squares of the difference between
model and experimental data. Assuming the experimental noise follows normal dis-
tribution, the ML and LS methods are equivalent [68].
Traditionally kinetic data are determined using the initial rates of reactions, de-
termined by techniques such as spectrophotometric assays. The amount of light
absorbed by a reagent of the reaction is detected by the spectrophotometer and
corresponds to the concentration of that reagent. The concentrations of substrates,
products and modifieres determine the rate and the experiment is then repeated at
various different concentrations of the reagent. Kinetic parameters can then be de-
termined by fitting a kinetic rate equation to a data set containing the initial rate
vs concentration of reagent. This is done for both substrates and products.
Whereas classical assays make use of the initial reaction rates to fit kinetic equa-
tions, using nuclear magnetic resonance (NMR) spectroscopy, it is possible to make
use of progress curve data consisting of all the metabolites present in the reaction,
and because of this each NMR spectrum has a great density of information pertain-
ing to the kinetic characteristics of an enzyme [12]. Fitting these time course data
to simulated model data will return the parameter values used to describe that re-
action. This method of obtaining parameters from NMR time-course data has been
used in previous studies pertaining to the characterization of glycolytic enzymes in
Escherichia coli [12; 70].
To find the minimum of the objective function various different optimization
methods have been developed and fall into one of two classes: global or local.
Local optimization techniques rely on an initial guess for the minimum that is close
to the global minimum to avoid converging to a local minimum [71]. Global opti-
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mization methods search over the entire parameter space searching for smaller values
of the objection function, but unlike local optimization techniques do not converge
[71]. As reasonable estimations of the parameters can be derived from literature,
local optimization techniques were favoured in the analysis in this study.
2.2.3 In vivo-like conditions
Van Eunen et al. developed a standardized in vivo-like assay medium for the study
of enzyme kinetics [3]. In the assay medium they took into careful consideration fac-
tors such as anion concentrations and pH, but did not find it necessary to emulate
the crowded intracellular environment. They tested PEG and BSA at an unspec-
ified concentration and found that macromolecular crowding had no effect on the
Vmax of glycolytic enzymes [3]. However, they did not take into consideration pos-
sible changes in other kinetic parameters such as the half-saturation constant which
macromolecular crowding has been shown to affect (discussed in Section 2.1.6), nor
did they test other crowding agents. Other studies have shown that the effect of
macromolecular crowding on Vmax and Km are more pronounced when a greater
fraction of the volume is occupied [20; 55]. In order for a standardized assay solu-
tion to emulate in vivo-like conditions the consequences of the crowded environment
inside the cell must be considered for the kinetic parameters to be more biologically
relevant. This question is examined in greater detail in this thesis.
2.2.4 Identifiability of parameters
Many biological models contain a large number of parameters [72; 73] which are
often only partially observable and may be reliant on species which may not be
reliably measured. Additionally, data collected may be unable to sufficiently estimate
parameter values as the model may be too large or the quality of data may be
insufficient [13; 74]. These parameters are known as non-indentifiable. Models cannot
be well constructed without sufficiently good data and well-determined parameters.
Determining identifiability
Once the model data has been fitted to the experimental data and the objective func-
tion has been minimized, an identifiability analysis can be performed to determine
which parameters are non-identifiable. The profile likelihood method for determin-
ing parameter identifiability is introduced here. It is a powerful method, being able
to test for structural and practical non-identifiability whilst requiring less computa-
tional power than other methods [13]. Other methods include the DAISY method
[75], which is an algorithm designed to perform a global parameter identifiability test
on polynomial equations, or the EAR approach which involves applying the inverse
function theorem to the algebraic equations relating to higher order operatives of
the output with respect to time [76].
In the profile likelihood method, a parameter, θi, from the set of parameters
describing the model, is kept fixed while the other parameters in the set are re-
optimized. By repeating this for increasing and decreasing values of θi it is possible
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to explore the parameter space. Most importantly for this analysis is that non-
identifiability will will be represented by a flat line in the parameter space of the
likelihood function [69]. If non-identifiable parameters are found it is recommended
that one implement an iterative design strategy and repeat the investigation with
more data, or remove the redundancy in the model [77].
Since parameters are only identifiable if their confidence intervals are finite, one
needs to accurately determine the confidence interval. This can be determined by first
calculating a threshold in the likelihood, ∆α, this corresponds to the 1-α quantile of
the χ2-distribution with one degree of freedom. Likelihood-based confidence intervals
use the threshold value to determine the confidence region, where the χ2 goodness-
of-fit statistic of the re-fitted model crosses the threshold.
Non-identifiable parameters can be classified as being either structurally or prac-
tically non-identifiable or both [13]. Structural non-identifiable parameters (an ex-
ample is shown in Figure 2.3 A) are the result of redundancy in the model and
changing the value of these parameter does not change the output of the model as
other parameters are able to compensate [73; 78]. This is a characteristic of the
model itself and is independent of the data. When developing a model to describe
biological data, an analysis using generic data can be done prior to experimentation
to develop the model and remove redundant parameters [69]. A structural non-
identifiable parameter will be represented on profile likelihood plots as a flat valley
with no unique minima.
A parameter which is practically unidentifiable is the result of low quality or
insufficient data (an example is shown in Figure 2.3 C) [13; 71]. In this case the
parameter has one confidence region which is finite and another which extends in-
finitely. If the threshold is not crossed, but a unique minimimum could be found (as
shown in Figure 2.3 D), the parameter is still said to be practically non-identifiable
[69]. This may be remedied by increasing the quality or quantity of data. Impor-
tantly a unique minimimum could be determined.
If a parameter is both structurally and practically identifiable the threshold is
crossed on either side of the fitted parameter when exploring the parameter space
(an example is shown in Figure 2.3 B). This corresponds to two confidence intervals
[13].
In the next chapter the experimental protocol and the parameter fitting method-
ologies used in this study will be discussed.
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Figure 2.3: Examples of profile-likelihood plots for a parameter which is structurally non-
identifiable (A); practically and structurally identifiable (B); and practically non-identifiable
(C and D). The profile likelihoods are given by the solid lines and the red dashed lines indicate





















3.1 Cell culture and harvest
Freezer stocks of wild type Saccharomyces cerevisiae (CEN.PK.113-7D) were grown
on agar plates made of 1 g KH2PO4, 1 g (NH4)2SO4, 0.5 g MgSO4 · 7H2O, 20 g
glucose, 10 g yeast extract and 15 g agar per litre at 37°C overnight. To ensure
homogeneity of the cells a single colony was then picked from the agar and grown
overnight in 50 mL liquid yeast minimal media consisting of 6.7 g/L yeast nitro-
gen base, 20.44 g/L potassium phthalate and 10 g/L D-glucose at a pH of 5.0 in a
250 mL Erlenmeyer flask. The optical density of the overnight culture was examined
and was used to inoculate 3 L of yeast minimal media, ensuring that the starting
optical density of the innoculated, final working culture was 0.1 (600 nm).
The working culture was grown until an optical density of 1.0 (600 nm), when
the growing culture was in mid-logarithmic growing phase. The liquid media was
then placed into falcon tubes and centrifuged using a JA-10 rotor at 12400 × g for
10 minutes until a pellet was formed. The pellet was then resuspended in 100 mM
PIPES buffer (pH 7.0) and 1 mL aliquots were placed in 1.5 mL eppendorf tubes.
The aliquots were centrifuged at 4°C at 16100 × g at 4 °C for 10 minutes. The
supernatant was then discarded and the pellets were frozen and kept at -80 °C.
3.2 Cell extraction
To extract lysate from the frozen pellets, they were resuspended in 1 mL of 100 mM
Pipes buffer (pH 7.0) and placed it in a 10 mm glass test-tube with 1g glass beads
(425-600 µm) from Sigma. Glass bead extraction was done by vortexing for 30
seconds at full speed and then cooling in ice for 30 seconds to avoid overheating.
This was repeated for 8 minutes after which the contents of the glass test-tube were
then decanted into 1.5 mL eppendorf tubes which were centrifuged for 10 minutes
at 16100 × g at 4 °C. The supernatant was then extracted to be used for analysis.
Protein concentration of cell lysate was determined using Bradford assays [79] and
comparing to a standard dtermined from bovine serum albumin (BSA).
16
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3.3 NMR spectroscopy
A total of 6-12 assays were completed for the phosphoglucose-isomerase (PGI) and
phosphofructokinase (PFK) catalyzed reactions at various starting concentrations of
substrate, product and co-factors using buffer solutions consisting of various concen-
trations of the inert polymers Polyethylene glycol (PEG) 8000 (from Sigma-Aldrich)
and Ficoll 70 (from GE Healthcare) to emulate crowding conditions. Crowding
agents were dissolved in 100 mM PIPES at the necessary concentrations.
All reaction components were obtained from Sigma-Aldrich and were dissolved in
100 mM PIPES buffer (pH 7.0) to ensure pH homogeneity of the final solution. For
the PGI catalyzed reaction G6P and F6P were used as substrates for the forward
and reverse reactions respectively at various concentrations ranging from 2.5 mM to
30 mM. For the PFK catalyzed reaction, F6P was used as substrate at starting con-
centrations between 2.5 mM and 15 mM along with 5 mM ATP. Final samples were
prepared in 5 mm NMR tubes and including all substrates, products and co-factors
necessary for the reaction to take place, 100 µL triethyl phosphate (TEP) (50 mM)
as an internal standard, 10% D2O and 50 µL MgCl2 (50 mM). The remaining vol-
ume was filled with PIPES buffer containing the relevant crowding agent until the
final volume of the sample was 1 mL. The cell lysate was added to start the reaction
with the final range of protein concentration being between 0.3 mg ·mL−1 and 1.5
mg ·mL−1.
All 31P NMR assays were performed on a Varian 400 MHz spectrometer, at 25
°C at a frequency of 161.89 MHz; spectra were collected with a Free Induction Decay
(FID) with a pulse angle of 90 °with proton decoupling and no Nuclear Overhauser
Enhancement (NOE). The repetition time for a FID was 2.4 min, made up of 12
transients with a relaxation delay of 12 s between transients. If a species is not fully
relaxed before the next FID is acquired it may result in a decay of the FID and the
integrated metabolite concentration will be incorrect. To avoid this, a fully relaxed
spectrum (relaxation delay of 60 s with proton decoupling no Nuclear Overhauser
Enhancement) was collected at the end of each run when the reaction had reached
equilibrium and was used to calibrate any species that were not fully relaxed [12].
NMR peaks of interest were identified by adding 5 mM of the compound of inter-
est to the NMR tube after the run was completed. The NMR spectra were processed
using NMRPy, a NMR spectra analysis package developed for the Python software
language [12; 80]. For processing, the FIDs were first zero-filled, followed by apodis-
ation (5 Hz) and Fourier transformed to generate arrayed spectra. Phase-correction
was done using the automated phase-correction tool supplied by NMRPy, using a
mixture of first and zero order phase correction to minimize the total area under the
peaks. The concentration of each metabolite in each FID was calculated by deconvo-
luting its corresponding peak using Lorentzian lineshapes. The integrated metabolite
concentrations were then scaled to the internal standard, TEP, to determine their
actual concentration value.
Stellenbosch University https://scholar.sun.ac.za
CHAPTER 3. METHODS 18
3.4 Kinetic models
The reaction rate of the interconversion of G6P to F6P catalyzed by PGI was de-















where Γ is the mass-action ratio between f6p and g6p at any given point in time.
The parameter Vf is the maximum rate of the reaction. Km,G6P is the Michaelis
constant for G6P, Km,F6P the Michaelis constant for F6P, and Keq is the equilib-
rium constant of the reaction.
The enzyme PFK catalyzes the phosphorylation of F6P to F-1,6-BP. The forward
reaction of PFK is highly favoured which makes it difficult to collect data of the
reverse reaction when the reaction is allowed to equilibrate, as the concentrations
would be too low to detect [12]. The rate equation for the PFK catalysed reaction





































The half-saturation constants for ATP and F6P are given by the parameters
KATP and KF6P , respectively. Vf is the maximum rate of the reaction. ATP also
acts as an allosteric inhibitor of the PFK reaction [82] and the half-saturation con-
stant for this interaction is represented by the parameter, Ki,ATP . The parameter α
gives an indication of the effect of the allosteric modifier. If the allosteric modifier is
an activator α>1, if it is an inhibitor α<1 [81]. The Hill coefficient is given by the
parameter h.
ATP and ADP form complexes with Mg2+ in solution (MgATP and MgADP
respectively). The MgATP complex acts as the true substrate in the PFK reaction.
Simulations were done with literature values for the following complex formations
[12; 83]:
Mg2+ + ATP  MgATP (3.3)
Mg2+ + ADP  MgADP (3.4)
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From the simulations it was found that virtually all of the ATP in solution was
in the form MgATP (not shown). Therefore, all ATP and ADP in the solution was
modelled as already being in their respective complexes, MgATP and MgADP.
Adenylate kinase (AK) plays an important role in upper glycolysis. It is found
in abundance and is responsible for the interconversion of ATP, ADP and AMP:
2ADP  ATP + AMP (3.5)
This interconversion allows for the ADP produced during the phosphorylation
of F6P to F,1-6,BP to be converted back into ATP. The adenylate kinase catalyzed
reaction was modelled in equilibrium with fixed parameters found in literature [84].
3.5 Data fitting
Collected NMR spectra data were analysed using an the NMRpy package developed
by Eicher and co-workers [12; 80]. NMRpy fits Lorentzian functions to peaks in the
NMR spectra to calculate the area under peaks in the spectra. The given areas
correspond to the concentrations of metabolites at that time-point normalised to the
internal standard TEP.
All of the data were analysed using the Python programming language inside
a Jupyter workbook environment to allow efficient workflow [80] of the data from
processing the NMR data and fitting them to the relevant kinetic models in order
to predict the necessary kinetic parameters, and determine the identifiability of the
found parameters.
Time course data were generated using the Python simulator for cellular systems
(PySCeS) [85]. To minimize the model parameter values we used the LmFit [86] pack-
age which is a wrapper of the scipy.optimize package. The model was initialised to
initial conditions for every NMR run. The simulated data were then fitted to the ac-
quired time-course NMR data using either the Levenberg-Marquardt least squares or
the Nelder-Mead simplex method to minimize the difference between the model and
acquired time-course data by changing the parameter values. After optimization, the
algorithm returned adjusted parameters to describe the acquired time-course data.
3.6 Identifiability analysis
Once parameters were determined the identifiability of each parameter was analysed
using profile likelihood plots [13]. To produce the profile-likelihood plots for each pa-
rameter, the parameter being tested is kept was kept fixed at varying points between
1
10 and 10 times the original fitted parameter value and the remaining parameters
re-fitted to find the minimum. For each of these iterations a new “χ2” was gener-
ated and compared to the original value,“χ20”. Where χ2−χ20 surpassed the threshold
value, it corresponded to the 95% confidence region of the value. The threshold value
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was calculated as the 0.95 quantile of the χ2 distribution with 1 degree of freedom.




As was discussed in Section 2.1, the term macromolecular crowding encompasses a
variety of effects which an enzyme is subject to due to the large concentration of
macromolecules in the intracellular environment. It is an ubiquitous effect, present
in all intracellular environments [5] and serves as a major contributor in changing the
energetics of a “crowded” environment, which has consequences for enzyme kinetics
[26]. Theoretical explanations of the consequences of the “crowded” environment on
the kinetic parameters of an enzyme were explored in Section 2.1.6.
This study attempted to determine the effects of macromolecular crowding on
the kinetic parameters of the upper glycolytic enzymes phospho-glucose isomerase
(PGI) and phosphofructokinase (PFK) in the model organism, Saccharomyces cere-
visiae.
The NMR time-course data along with the predicted, fitted model data are shown
first, followed by the profile-likelihood plots of the identifiability analysis. The final,
fitted parameter values for reference conditions as well as at various concentrations
of different crowding agents are then presented as well.
4.1 Parameter estimation
In order to observe whether parameter values for the upper glycolytic enzymes, PGI
and PFK, changed in the presence of increasing crowding conditions we use standard
assay conditions close to physiological conditions [12] to obtain the baseline values
for PGI and PFK parameters in an “uncrowded” solution. The PGI parameters were
obtained in isolation and were then used to find the PFK parameters in a combined
PGI-PFK system (Figures 4.2 and 4.3).
PGI catalyzes conversion of glucose-6-phosphate (G6P) to fructose-6-phosphate
(F6P). It is possible to study the enzyme in isolation using cell-extract as the reaction
requires no co-factors to proceed while the next enzyme in glycolysis, phosphofructose-
kinase (PFK) cannot proceed unless adenosine triphosphate (ATP) is present in the
buffer solution. The preceding reaction, hexokinase, is a highly irreversible reaction
21
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and does not proceed in the reverse direction.
To estimate the relevant parameter values for the PGI reaction 31P NMR progress
curve data were gathered and fitted to simulated models. PGI time-course data were
gathered for both the forward and reverse reactions at various starting conditions of
substrate and product.
The PFK enzyme catalyzes the phosphorylation of F6P to fructose 1,6-bisphos-
phate (FBP). It cannot be studied in isolation in whole-cell lysate as the PGI reac-
tion that precedes it is able to convert F6P back to G6P faster than PFK is able
to phosphorylate it into FBP, without requiring any additional co-factors. In order
to overcome this, the parameters for the PGI rate equation were determined before
proceeding with the PFK reaction. Then, once PGI parameters were quantified,
they could be incorporated into a PGI-PFK coupled module and kept fixed, fitting
only for the PFK parameters.
Time-course data obtained where both PFK and PGI were active were more
complex than those of the PGI time-course alone as can be seen by the congested
sugar-phosphate area in Figure 4.1 a. In addition to the two peaks of the two G6P
anomers and the single F6P peak produced by the PGI catalyzed reaction the FBP
molecule, which is the product of the PFK catalyzed reaction, has two anomers with
two phosphate moieties each thus appearing as four distinct peaks in the 31P NMR
spectrum. ADP exhibits two peaks and ATP three, one for each phosphate moiety.
AMP peaks were not observed. The time course data for the uncrowded data of the
PGI-PFK coupled reaction along with the fitted model curves are shown in Figures
4.2 and 4.3.
Ficoll 70 as a crowding agent
To determine the parameter values in “crowded” conditions the PGI-PFK coupled
module was re-analyzed in solution containing 10% and 20% Ficoll. This was done
to determine how the kinetic reaction parameters change in solutions that contain a
large amount of macromolecules, as would be expected in vivo. The progress curves
for these reactions along with the fitted model curves are shown in Figures 4.4 to
4.7.
PEG 8000 as a crowding agent
PEG 8000 was used as another crowding agent to see if any changes could be observed
when a different crowding agent is used to emulate macromolecular crowding effects.
The reactions were repeated in buffer solutions containing 10% and 20% PEG 8000.
The progress curves for these reactions along with the fitted model curves are shown
in Figures 4.8 to 4.11.
Stellenbosch University https://scholar.sun.ac.za
CHAPTER 4. RESULTS 23
Figure 4.1: An example of the PGI-PFK 31P NMR time-course reaction module. Each of
the 31P NMR time-course data sets were collected at a 90°pulse angle with 1 s acquisition
per transient and 12 s relaxation between transients. (a) shows the sugar-phosphate area
of the spectrum (4.2 to 2.7 ppm) containing: FBP-α: 1, 2, 10; FBP-β: 6, 7, 9; G6P-β: 3;
G6P-α: 4, 5; F6P: 8. (b) shows the area between -5 and -11 ppm which contains the ATP
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Figure 4.2: Time course data captured for the PGI catalyzed reaction at various initial
concentrations in an uncrowded solution. The dotted lines represent experimental NMR
data. Solid lines represent a global fit to all the data.
Figure 4.3: Time course data captured for the PGI-PFK catalyzed coupled module at vari-
ous initial concentrations in an uncrowded solution. The dotted lines represent experimental
NMR data. Solid lines represent a global fit to all the data.
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Figure 4.4: Time course data captured for the PGI catalyzed reaction at various initial
concentrations using a “crowded” solution with 10% (m/v) Ficoll 70. The dotted lines
represent experimental NMR data. Solid lines represent a global fit to all the data.
Figure 4.5: Time course data captured for the PGI-PFK catalyzed coupled module at
various initial concentrations using a “crowded” solution with 10% (m/v) Ficoll 70. The
dotted lines represent experimental NMR data. Solid lines represent a global fit to all the
data.
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Figure 4.6: Time course data captured for the PGI catalyzed reaction at various initial
concentrations using a “crowded” solution with 20% (m/v) Ficoll 70. The dotted lines
represent experimental NMR data. Solid lines represent a global fit to all the data.
Figure 4.7: Time course data captured for the PGI-PFK catalyzed coupled module at
various initial concentrations using a “crowded” solution with 20% (m/v) Ficoll 70. The
dotted lines represent experimental NMR data. Solid lines represent a global fit to all the
data.
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Figure 4.8: Time course data captured for the PGI catalyzed reaction at various initial
concentrations using a “crowded” solution with 10% (m/v) PEG 8000. The dotted lines
represent experimental NMR data. Solid lines represent a global fit to all the data.
Figure 4.9: Time course data captured for the PGI-PFK catalyzed coupled module at
various initial concentrations using a “crowded” solution with 10% (m/v) PEG 8000. The
dotted lines represent experimental NMR data. Solid lines represent a global fit to all the
data.
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Figure 4.10: Time course data captured for the PGI catalyzed reaction at various initial
concentrations using a “crowded” solution with 20% (m/v) PEG 8000. The dotted lines
represent experimental NMR data. Solid lines represent a global fit to all the data.
Figure 4.11: Time course data captured for the PGI-PFK catalyzed coupled module at
various initial concentrations using a “crowded” solution with 20% (m/v) PEG 8000. The
dotted lines represent experimental NMR data. Solid lines represent a global fit to all the
data.
Stellenbosch University https://scholar.sun.ac.za
CHAPTER 4. RESULTS 29
Figure 4.12: Profile likelihood plots of the PGI (a) and PFK (b) kinetic reaction parameters
in reference solution. The red dashed line represents the threshold to determine the 95%
confidence intervals. The points where the likelihood plot crosses the threshold are the
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Figure 4.13: Profile likelihood plots of the PGI (a) and PFK (b) kinetic reaction parameters
in buffer solution containing 10% (m/v) Ficoll 70. The red dashed line represents the
threshold to determine the 95% confidence intervals. The points where the likelihood plot
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Figure 4.14: Profile likelihood plots of the PGI (a) and PFK (b) kinetic reaction parameters
in buffer solution containing 20% (m/v) Ficoll 70. The red dashed line represents the
threshold to determine the 95% confidence intervals. The points where the likelihood plot
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Figure 4.15: Profile likelihood plots of the PGI (a) and PFK (b) kinetic reaction parameters
in buffer solution containing 10% (m/v) PEG 8000. The red dashed line represents the
threshold to determine the 95% confidence intervals. The points where the likelihood plot
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Figure 4.16: Profile likelihood plots of the PGI (a) and PFK (b) kinetic reaction parameters
in buffer solution containing 20% (m/v) PEG 8000. The red dashed line represents the
threshold to determine the 95% confidence intervals. The points where the likelihood plot
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4.2 Identifiability analysis
After the model data was fitted to the gathered 31PNMR data, the parameter esti-
mates were returned and the identifiability of each parameter was assessed to deter-
mine the 95% confidence intervals for each (Figures 4.12 - 4.16).
The 95% confidence interval indicates that there is a 95% certainty that the actual
value falls between the two values. This was important for the quantification of
parameters as we were able to provide statistical estimates of the accuracy of the
parameter value. This was explained in detail in Section 2.2.4.
The confidence intervals for a parameter were established by changing the value
of the parameter and then keeping it fixed while re-fitting other parameters in the
model. The goodness-of-fit-statistic, χ2, will then change if the other parameters in
the model are not able to compensate for the change in the fixed parameter [13].
This was repeated changing the value of the parameter being fixed each time. When
the difference between the new χ2 value and the original value surpasses the thresh-
old value it indicates a bound of the confidence interval. This was done for both
increasing and decreasing values to obtain upper an lower confidence intervals.
For all parameters a unique minimum value was determined and they were there-
fore structurally identifiable. The half-saturation constant parameters for G6P and
F6P in the PGI rate reaction were both determined to be practically non-identifiable
parameters and only upper confidence regions could be determined for each. The
half-saturation constant for ATP as an allosteric modifier and the interaction factor α
were determined to be practically non-identifiable in solutions with higher concentra-
tions of either crowding agent, however no confidence intervals could be determined
for these, except for the α parameter in buffer solution containing 20% PEG 8000.
Figures 4.12 to 4.16 show the identifiability plots for all parameters in all buffer
conditions.
The confidence interval of each parameter gives an indication of the margin of
error of the relevant parameter. It is an indication of the uncertainty around the
point that has been fitted. Therefore, narrower confidence intervals are an indication
of a more precise measurement [87]. A confidence interval of 95% indicates a range
of values of which we are 95% sure contain the fitted value [88]. Two values can be
assumed to be statistically different if their confidence intervals do not overlap [87].
4.3 Fitted parameter values
Phosphoglucose Isomerase
The fitted parameter values for the PGI catalyzed reaction in reference conditions
were similar to those in literature. Of the four parameters used to fit the model, only
the Vmax and Keq parameters were both structurally and practically identifiable as
described in Section 2.2.4, while both the Kmf6p and Kmg6p parameters were prac-
tically non-identifiable. The practical non-identifiability of these parameters may be
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Table 4.1: Fitted parameters for PGI reaction under reference conditions with upper and









Vmax(µmol · min−1 ·
mg protein−1) 3.301 4.009 5.526
Kmf6p(mM) −∞ 0.227 0.712 0.3 [84]
Kmg6p(mM) −∞ 1.432 5.764 1.4 [84]
Keq 0.257 0.267 0.278 0.314 [84],0.23 [89]
solved with further experiments or collection of data with less noise.
The commonly used crowding agents Ficoll 70 and PEG 8000 were used in this
study to emulate an increasingly “crowded” cellular environment. They are inert
polymers and do not interfere with the reactions directly and any changes observed
on parameters can thus be explained by the “crowded” nature of the buffer and,
therefore, by the excluded volume effect. A list of all fitted parameter values for the
PGI catalyzed reaction in buffer consisting of 10 and 20% (m/v) of either Ficoll 70
or PEG 8000 can be found in Tables 4.1 and 4.2.
As the concentration of crowding agents used in the buffer increased the most
drastic changes were observed in the maximum rate (Vmax) of the PGI reaction.
In buffer solution containing 10% crowding agent, the fitted value for Vmax halved
regardless of crowding agent used.
In buffer containing 20% Ficoll 70 the fitted value for Vmax was similar to the
fitted value obtained in solution containing 10% Ficoll 70. In solution containing
20% PEG 8000 the fitted value was slightly lower than the fitted value determined
in solution containing 10% PEG 8000 (Figure 4.17 a).
A crowding agent concentration as low as 10% had a major effect of the maximum
rate of the reaction. This would suggest that the maximum rate of the PGI reaction
was significantly affected in a “crowded” environment, but that this relationship is
not linear with the increase in concentration of said crowding agents as the maximum
rate only decreased slightly at 20% from the value at 10% for the tested crowding
agents. This decrease as the concentration of crowding agent increased was slightly
greater in buffer containing the crowding agent PEG 8000.
The half-saturation constant for the substrate, G6P (Kmg6p), was determined to
be practically non-identifiable and only an upper bound confidence interval could be
determined. There was no clear difference between the fitted parameter in solutions
containing either 10% Ficoll 70 or 10% PEG 8000 and the reference solution. In
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Table 4.2: Fitted parameters for PGI reaction in buffer containing various initial concen-










Vmax(µmol · min−1 ·
mg protein−1) 1.827 2.166 2.771
Kmf6p(mM) −∞ 0.804 2.192
Kmg6p(mM) −∞ 1.592 4.923
Keq 0.246 0.248 0.251
20% Ficoll 70
Vmax(µmol · min−1 ·
mg protein−1) 1.714 1.986 2.442
Kmf6p(mM) −∞ 0.421 1.444
Kmg6p(mM) −∞ 0.922 3.543
Keq 0.240 0.249 0.262
10% PEG 8000
Vmax(µmol · min−1 ·
mg protein−1) 1.908 2.633 4.909
Kmf6p(mM) −∞ 0.211 1.020
Kmg6p(mM) −∞ 1.600 12.515
Keq 0.239 0.246 0.251
20% PEG 8000
Vmax(µmol · min−1 ·
mg protein−1) 1.203 1.410 1.748
Kmf6p(mM) −∞ 0.803 2.445
Kmg6p(mM) −∞ 1.197 3.904
Keq 0.243 0.247 0.253
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Vmax(µmol · min−1 ·
mg protein−1) 0.212 0.220 0.252
nH 2.436 3.363 4.535 2.8 [90]
Kf6p(mM) 0.120 0.366 0.638 0.1 [84]
Katp(mM) 0.150 0.322 0.473 0.65[84]
Kiatp(mM) 0.069 0.329 1.164
α 0.259 0.451 0.635
buffer solution containing 20% crowding agent, the fitted half-saturation constant
parameter and again appeared to remain unchanged (Figure 4.17 b).
The fitted value for the half saturation concentration of F6P was found to be prac-
tically non-identifiable in all solutions and only an upper bound confidence interval
was determined. In buffer containing 10% Ficoll 70 the fitted parameter increased,
but stayed relatively unchanged at in buffer containing 10% PEG 8000. In buffer
containing 20% Ficoll 70, the fitted half-saturation constant for F6P was lower than
in solution containing 10% Ficoll 70, but was still greater than reference solution. In
solution containing 20% PEG 8000 the fitted parameter was greater than in refer-
ence solution and 10% PEG 8000. No clear relationship between the half saturation
constant for F6P and the concentration of crowding agent present in solution could
be established. However, as the parameter was determined to be practically non-
identifiable and does not have confidence intervals in both directions it is difficult to
make accurate conclusions (Figure 4.17 c).
There appeared to be an initial decrease in the equilibrium constant from an
uncrowded buffer to one containing 10% Ficoll 70, but no change from 10% to 20%
Ficoll 70. The Keq parameter in uncrowded buffer was fitted at 0.267. In solutions
containing 10% or 20% crowding agent, the fitted Keq parameter remained virtually
unchanged (Figure 4.17 d). This was to be expected as the relatively small size of
both the product and substrate compared to the crowding agents means that these
molecules were not affected by the steric repulsion. The equilibrium constant is the
ratio of product to substrate at equilibrium and was therefore not expected to change
in a “crowded” environment.
Phosphofructosekinase
Here we present a summary of the fitted parameters for the PFK reaction under
different crowding agent conditions.
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Figure 4.17: Fitted values for the parameters of the PGI catalyzed reaction in buffers
containing various initial concentrations of Ficoll 70 and PEG 8000. The parameter values
of the reaction in reference conditions are represented in blue. The black error bars represent
the range of the 95% confidence intervals. Parameter values which are fully identifiable are
shown in red. Parameters which are non-identifiable are shown in light grey and only the
upper confidence interval is shown. (a) Maximum rate of reaction (Vmax); (b) G6P half-
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Table 4.4: Fitted parameters for PFK reaction in buffer containing 10% and 20% (m/v)










Vmax(µmol · min−1 ·
mg protein−1) 0.130 0.131 0.142
nH 1.868 2.453 3.411
Kf6p(mM) 0.124 0.233 0.312
Katp(mM) 0.501 0.622 0.724
Kiatp(mM) 0.252 0.746 1.805
α 0.331 0.445 0.610
20% Ficoll 70
Vmax(µmol · min−1 ·
mg protein−1) 0.127 0.129 0.186
nH 1.921 2.522 3.531
Kf6p(mM) 0.108 0.267 4.923
Katp(mM) 0.727 0.837 1.018
Kiatp(mM) −∞ 9.488 ∞
α −∞ 0.007 ∞
10% PEG 8000
Vmax(µmol · min−1 ·
mg protein−1) 0.130 0.140 0.164
nH 1.518 1.828 2.307
Kf6p(mM ) 0.142 0.307 0.397
Katp(mM) 0.611 0.770 0.942
Kiatp(mM ) 0.331 1.232 3.712
α 0.304 0.492 0.741
20% PEG 8000
Vmax(µmol · min−1 ·
mg protein−1) 0.122 0.137 1.073
nH 1.670 2.884 7.561
Kf6p(mM) 0.014 0.108 0.711
Katp(mM) 0.729 1.714 4.193
Kiatp(mM) −∞ 0.978 ∞
α −∞ 0.682 1.597
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The fitted Vmax was lower in solution consisting of either 10% Ficoll 70 or 10%
PEG 8000 than in reference solution. In solution containing 20% of either crowd-
ing agent, the fitted Vmax remained virtually unchanged to the value fitted in 10%
crowding agent (Figure 4.18 a).
In uncrowded solution the Hill coefficient (nH) was determined to be 3.363. In
solution containing either 10% or 20% Ficoll 70 it was fitted at a slightly lower value,
indicating a loss of co-operativity (Figure 4.18 f). A similar trend was observed in
solutions containing PEG 8000.
The fitted half-saturation constant for F6P (Kf6p) decreased in 10% Ficoll 70
but remained mostly unchanged at solution containing 20% Ficoll 70. In solution
containing 10% PEG 8000 the fitted value was lower than the fitted reference value
and was decreased even further in solution containig 20% PEG 8000 (Figure 4.18
b). This would suggest that the binding of F6P to PFK is favoured in crowded con-
ditions. Conversely the half-saturation constant for ATP increased as the crowding
agent concentration was increased (Figure 4.18 c).
The half-saturation constant for ATP binding to the allosteric site on the PFK
enzyme, Kiatp, also increased with the increase in crowding agent concentration. As
the crowding agent concentration increased to 20% no confidence intervals, either
upper or lower, could be determined for Kiatp, and were determined to be practi-
cally non-identifiable, however true minima were determined. (Figure 4.18 d)
The interaction factor α remained virtually unchanged with the addition of 10%
crowding agents. It was determined to be 0.451 in reference solution, 0.445 in solu-
tion with 10% Ficoll 70, and 0.492 in solution with 10% PEG 8000 (Figure 4.18 e).
However, a higher concentration of crowding agents had a more pronounced effect:
the fitted parameter value was 0.007 in 20% Ficoll 70 and 0.682 in 20% PEG 8000.
The values determined in solutions containing 20% of each of the crowding agents
were practically non-identifiable.
In the following chapter we will discuss these results in the context of current
literature.
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Figure 4.18: Fitted values for the parameters of the PFK catalyzed reaction in buffers
containing various initial concentrations of Ficoll 70 and PEG 8000. The parameter values
of the reaction in reference conditions are represented in blue. The black error bars represent
the range of the 95% confidence intervals. Parameter values which are identifiable are shown
in red. Parameters which are non-identifiable are shown in light grey. (a) Maximum rate of
reaction (Vmax); (b) F6P half-saturation constant (Kf6p); (c) ATP half-saturation constant
(Katp); (d) Allosteric modifier half-saturation constant (Kiatp); (e) Interaction factor α;







The results presented in Chapter 4 are discussed here in relation to the set of objec-
tives laid out in Chapter 1. Suggestions for future studies will also be discussed here.
The aim of this study was to determine the effects of macromolecular crowding on
the enzyme kinetics of the upper glycolytic enzymes phosphoglucose isomerase (PGI)
and phosphofructokinase (PFK) and aid in the creation of a set of standard assay
conditions which are representative of in vivo conditions, namely by determining
whether the macromolecular crowding phenomenon should be taken into account in
the definition of these standardized assay conditions.
5.1 Synopsis
In this study NMR time-course assays were performed and the data fitted to a kinetic
model to determine parameter values. The accuracy and identifiability of each pa-
rameter was investigated by exploring the profile-likelihoods of each parameter [13].
After this analysis it was observed that macromolecular crowding had the greatest
affect on the maximum rate of both PGI and PFK. The maximum rate of both
enzymes decreased in the presence of crowding agents. The half-saturation constant
for F6P in the PFK reaction decreased in the presence of crowding agents and the
half-saturation constant for ATP increased. Other parameter changes were either
not significant or involved parameters which were non-identifiable. In this chapter
the identifiability of parameters will be discussed and solutions given to resolve non-
identifiability. Possible reasons for the observed changes in “crowded” conditions are
also explored, and its inclusion in a standardized solution for studying enzyme ki-
netics is also discussed. Suggestions for future work are also included.
5.2 Identifiability of parameters
The identifiability analysis was done by exploiting the profile likelihood of each pa-
rameter, as was explained in Section 2.2.4. An identifiable parameter is one with
finite confidence intervals which represent the upper and lower bounds of the 95%
confidence regions. Narrow confidence intervals are an indication of the accuracy of
42
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the fitted parameter value. Non-identifiability of a parameter can either be structural
or practical. Structural non-identifiability is the result of redundant parameters in
the model and changes to structurally non-identifiable parameters can be fully com-
pensated by other parameters in the model and no change in the χ2 is observed [13].
This manifests as a completely flat valley in the profile-likelihood. Practical non-
identifiability results from poor or insufficient data. Unique minima are found, but
at least one confidence interval does not cross the threshold [13]. This is discussed
further in Section 2.2.4.
The profile likelihood plots for all parameters are shown in Figures 4.12 to 4.16.
In all of the buffer conditions Vmax and Keq were found to be identifiable while Kg6p
and Kf6p were found to be practically non-identifiable. The NMR technique used in
this study was not sensitive enough to accurately determine low metabolite concen-
trations. For the parameters of the PFK model in buffers with 10% crowding agents
(Ficoll 70 and PEG 8000) all of the parameters were found to be identifiable and
finite confidence intervals could be determined for all of them. In buffers containing
20% crowding agents the parameters for the affinity of ATP for the regulatory site
on PFK (Kiatp) and α were found to be practically non-identifiable as at the higher
concentrations of crowding agents the quality of data decreased. In buffer containing
20% Ficoll the α parameter could be mistaken for being structurally non-identifiable
since it is a flat valley with no minimum. However, structural non-identifiability
arises from redundant parameterization and is a property of the model [13]. Since in
all other buffer conditions a minimum could be determined it cannot be structurally
non-identifiable but rather practically non-identifiable.
From the identifiability analysis it can be seen that more data would need to
be collected for the buffer conditions containing 20% PEG and Ficoll in order to
solve the practical non-identifiability of the PFK parameters. However for all of
the parameters unique minima could be found making it possible to draw some
conclusions.
5.3 The effects of macromolecular crowding on kinetic
parameters
Macromolecular crowding is an ubiquitous phenomenon in the intracellular environ-
ment, but is often neglected when developing experiments to mimic in vivo condi-
tions. It has been a known property of the intracellular environment for many years
[8], but is mostly ignored as traditionally enzyme kinetic assays have been performed
in ideal solutions with minimum amounts of macromolecules [5]. This is mostly done
as a matter of convenience as adding large quantities of macromolecules to the buffer
can make it viscous and difficult to work with, which may compromise accuracy [2].
There have been numerous studies on the effects of macromolecular crowding on
the kinetic parameters of an enzyme [20; 54–58]. These studies focus on enzymes
that follow traditional Michaelis-Menten kinetics as these are easy to assay and the
kinetics are well understood. In this study we focused on the two upper glycolytic
enzymes: PGI and PFK.
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5.3.1 Phosphoglucose isomerase
PGI is a dimeric enzyme consisting of two identical monomers which catalyzes the
second step in the glycolytic pathway and is responsible for the interconversion of
glucose-6-phosphate (G6P) to fructose-6-phosphate (F6P) and the opposite reaction
in gluconeogenesis [91]. This is done via hydrogen transfer using an enediol interme-
diate [92]. The two monomers both contain active sites, however, the dimerization
of the protein is critical for enzyme activity [93].
Our results show that there was a significant decrease in the Vmax of the reaction
in the crowded buffers compared to the uncrowded buffer (Tables 4.1 and 4.2). This
is in agreement with other observations made by others with reactions which follow
Michaelis-Menten kinetics [54–56]. As discussed in Section 2.1.6 it is the dimeriza-
tion of the protein which is favoured in a crowded environment due to the reduction
of entropy in the system. It may be expected that this would lead to an increase
in the enzyme activity of the reaction as the active dimer form is favoured but the
observed decrease is most probably due to the increase in viscosity of the buffer due
to the large amount of macromolecules, causing decreased diffusion compared to an
ideal solution resulting in the reduction of the number of interactions between the
substrate and the enzyme and therefore a decrease in enzyme activity. The Vmax for
the reaction in buffer containing 10% (w/v) PEG was the only value which was not
found to be significantly changed as the range of its confidence intervals overlapped
with those of the uncrowded parameter. It also had a larger confidence interval than
was found in other buffers. The large confidence interval range can be reduced with
the acquisition of additional, more precise data.
For the half-saturation constant for G6P (Kg6p) and F6P (Kf6p) the fitted pa-
rameters were near the expected literature values [84]. Although minimum values
were found for all Km values for both G6P and F6P in all buffer conditions, they
were all found to be practically non-identifiable. There appears to be no difference
in the Kg6p parameter between the non-crowded and crowded conditions suggest-
ing that the affinity of PGI for G6P remains unchanged regardless of the amount of
crowding agents present in the buffer. Interestingly, the fitted parameter for the half-
saturation constant for F6P appears to slightly increase in crowded environments,
indicating that F6P binds less favourably to the enzyme in crowded environments. It
is unlikely that this change in the affinity of PGI for F6P is due to slower molecular
diffusion as has been suggested in other studies [55; 57] as G6P and F6P are very
similar molecules and it is unlikely that the change in diffusion would only affect the
one and not the other. It is most likely due to slight conformational changes of PGI
in a crowded environment.
The fitted parameter for the equilibrium constant (Keq) in the uncrowded buffer
was similar to what has been reported in literature [84; 89]. It was expected that there
would be little to no change in the parameter in the crowded buffers compared to
the uncrowded buffer as the relatively small size of the substrate and product means
that the excluded volume should have little to no effect [55]. Our results showed that
the Keq decreased slightly in the presence of a highly crowded environment. However
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these changes still fall within what would be expected from literature values.
5.3.2 Phosphofructokinase
PFK is the third enzyme in the glycolytic pathway and catalyzes an ATP-dependant
reaction that phosphorylates F6P to form fructose 1,6-bisphosphate (FBP). It is a
highly regulated enzyme and in eukaryotes is affected by at least 20 different com-
pounds [94]. In yeast the PFK enzyme is a hetero-octameric enzyme composed of 4
α- and 4 β-subunits [95]. This is different to bacterial organisms such as Escherichia
coli where the enzyme is expressed as homotetramers. Where PFK in Escherichia
coli is described as a dimer of dimers, the PFK enzyme in Saccharomyces cerevisiae
has been described as a dimer of tetramers [96]. The PFK in Saccharomyces cere-
visiae is double the size of its bacterial counterparts and has twice the number of
active sites. PFK shows cooperative binding for F6P, while ATP acts as an inhibitor
[90], and exists in either an active R-state or an inactive T-state. The change from
T- to R-state is induced by the binding of F6P to the enzyme [97].
As described in Section 3.4 the PFK reaction was modelled using an irreversible
bi-bi Hill equation. Using this model we were able to incorporate binding kinetics
for the products as well as the allosteric inhibition by ATP. When placed in crowded
media the maximum rate of the reaction appeared to decrease for all crowding agents
and at all concentrations though this appears to not be dependent on the type nor
concentration of the crowding agent in the buffer. As was the case for PGI this is
probably due to a combination of conformational changes as the crowded environ-
ment favours a more compact form of the protein as well as the slower diffusion may
result in fewer interactions between PFK and its substrates.
The half-saturation constants for F6P and ATP (Kf6p and Katp respectively)
represent the enzyme’s affinity for each of the substrates. The affinity of the enzyme
for F6P did not appear to change substantially in buffer conditions which contained
crowding agents (Table 4.4 and Figure 4.18 b). The PFK affinity for ATP at the
active or regulatory site (Katp and Kiatp) in crowded buffers both seemed to decrease
(the parameter value increased) (Table 4.4 and Figure 4.18 c and d). In buffers con-
taining either Ficoll or PEG the affinity appears to decrease as the concentration
of crowding agents in the buffer increases. This may be due to the enzyme folding
into an energetically more favourable shape which is unfavourable for the reaction
to be catalysed in the crowded environment [57]. This would make it difficult for
the enzyme to undergo the necessary conformational change to associate with ATP
lowering the enzyme’s affinity for ATP.
The Hill coefficient (nH) describes binding cooperativity. A Hill coefficient of 1
indicates non-cooperativity [81]. In uncrowded buffer the Hill coefficient was fitted
at a value of 3.363 which indicates high cooperativity. In the crowded buffers the
cooperativity appears to decrease slightly. This is most probably the result of con-
formation changes caused by the entropic pressure in the crowded environment.
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The α parameter is an indication of the allosteric effects of ATP upon binding
to the enzyme. If α is greater than 1 it indicates activation and if α is less than 1 it
indicates inhibition. ATP acts as an allosteric inhibitor and this was corroborated by
the fitted value in the uncrowded buffer (0.451). In crowded environments the value
remained relatively unchanged, indicating that the allosteric effect that ATP has
on PFK remains the same. This is to be expected as macromolecular crowding has
been shown to change half-saturation constants and maximum rates (summarized
in Table 2.1), but not the allosteric effects of ligands. The value fitted for the
buffer containing 20% Ficoll was extremely low, however the parameter was found
to practically unidentifiable with no confidence intervals indicating that further data
collection is needed.
5.4 Standardization of in vivo assay conditions
In an attempt to develop a standardized buffer for studying enzyme kinetics that
replicates the intracellular environment in vivo for Saccharomyces cerevisiae, Van
Eunen at al. [3] found that macromolecular crowding did not have a significant ef-
fect on the activity of glycolytic enzymes and concluded that it was not necessary
to account for the crowded cytosolic environment. In that study they made use
of PEG and BSA to simulate the effects of macromolecular crowding, but do not
mention what concentration they used, and furthermore they only investigated the
effects on Vmax. It has been shown that PEG 8000 has an effect on the kinetics of
the glycolytic enzymes hexokinase and pyruvate kinase at concentrations of 10% and
30% [98]. Our data are in agreement with this finding and show that even a buffer
solution containing 10% PEG or Ficoll has an effect on the enzyme kinetics, which
contradicts the results found by Van Eunen et al. [3]. We found that macromolecular
crowding does have an effect on the enzyme kinetics of PGI and PFK and it should
be considered when studying kinetics in vivo when trying to replicate intracellular
conditions.
Many studies have investigated the effects of macromolecular crowding on a va-
riety of enzyme kinetics with various results (summarized in Section 2.1.6). It has
been suggested that the type of crowder used to mimic macromolecular crowding
conditions may effect the enzyme kinetics differently [99]. In this study we used two
commonly used polymers, PEG 8000 and Ficoll 70, at two different concentrations
to mimic macromolecular crowding inside the cell. There was no difference found
between the two different crowding agents. For both crowders the trends observed
appeared to be very similar. There are some fitted parameters which appear to differ
depending on the type of crowder used (such as Katp), however these almost always
coincide with either large confidence intervals or non-identifiability and are less ac-
curate, making it difficult to ascertain whether the changes are significant. From
our results it seems that the volume occupied by crowding agents is more important
than the type of crowder used. Macromolecular crowding appears to affect enzyme
kinetics, but as has been mentioned previously, the increased viscosity caused by
the large concentration of crowding agents complicates accurate liquid handling in
assays [2].
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5.5 Future work
From our data it seems clear that the crowded environment can in some cases have
a profound effect on the rate kinetics of enzymes and should be taken into account
when performing in vitro studies that aim to emulate in vivo conditions. However
there remain other aspects of this topic, which could be explored.
Fixing the practical non-identifiability of parameters and reducing the confidence
intervals of parameters which had large confidence intervals by collecting more ac-
curate data, as explained by Raue et al. [13], would allow us to make more accurate
conclusions on the effect on these parameters by macromolecular crowding. Addi-
tionally, extending the experiments to incorporate data at other concentrations of
crowding agents, especially those at concentrations closer to what would be expected
in the cytosol, would aid in trying to emulate the effects which would be expected
in the cell. This may help gain further insight into the effect of macromolecular
crowding on enzyme kinetics in vivo.
In this study the trends for Ficoll 70 and PEG 8000 were very similar; however,
we did not investigate how different sizes (Mr) of the same crowding agent affect
enzyme kinetics. Additionally, as the intracellular environment consists of a mixture
of various macromolecules, it would be beneficial to see what effects creating a mix-
ture of different crowding agents may have. It has been shown that a combination
of crowding agents can accelerate the folding of enzymes [100] and has been shown
to induce greater cooperativity in human serum albumin [101]. It seems likely that
if a combination of different crowding agents has more pronounced effects on en-
zyme behaviour, then enzyme kinetics should be studied under these conditions as
well. We have shown that enzyme kinetics are affected by macromolecular crowding,
however how this will affect an entire model has not yet been explored. It would
therefore be beneficial to incorporate the effects of macromolecular crowding into a
whole metabolic model, such as the glycolytic model constructed by Teusink et al.
[84], to observe if there are any effects.
The effects of macromolecular crowding on enzyme kinetics are often overlooked.
This is despite it being a property of the crowded environment in which these reac-
tions take place. This study has demonstrated that enzyme kinetics can be affected
by macromolecular crowding and that this should be considered when attempting to
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